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Solving the Traveling Salesman Problem through both of
 





In order to improve performance of solving the traveling salesman problem (TSP),we
 
evaluate functionality and performance of both of ACO(Ant Colony Optimization)and CXO
(Changing Crossover O?perators).Our CXO substitutes the improved EX for SXX and it selects
 
the local optimum sub-paths randomly on a pair of selected parents with higher fitness to create
 
a global optimum solution.In ACO,ants probabilisticaly select next visiting cities based both
 
on the quantity of pheromone trail deposited on al the edges between two cities and on the
 
lengths of them.Our C experiments using the famous Eilon’s 75 city problem show that CXO
 
as wel as ACO can provide us with the same optimum solution whose cyclic path’s length is
 
542.31 and that CXO is superior to ACO in point of computer execution time on condition that
 
an optimum seed id with which the initial population is generated is selected.
:TSP,ACO,GAs
 
















































































































































Figure 2.In SXX sub-tour SX in the parent tour CX is exchanged with SY or its reverse order sub-tour SY in the parent CY.
図3.改良EX法の概念図


































































Figure 4.Genotype and phenotype of a solu-

























































⑤ 観測世代数 T :T 世代後に処理を停止
する。
⑥ 蟻が時間 t＝t＋1の時に都市 i にいる
































(B-1) n 匹の蟻 A?は都市 T?から始めて，
時間time＝t＋1に都市?にいるとしよう。蟻
A?は次に都市 j を，都市 i から都市 j への t 時
におけるフェロモン量τ?(t)と，都市 i と都市
j 間の距離 d?から決定される確率 p??(t＋1)




























(k)は，蟻 k が i から j の経路を選択する大き
さを測る尺度であり，「蟻 k が，都市 i から j を
経由する巡回路を旅した場合は，巡回路長の逆
数＊二都市間の総距離（適応度）であり，都市





















































































































































Table 1 Comparison of CXO with both of improved EX and SXX from the point of view of best lengths’conver gence.
-
generations 
best length found by CXO
 
best length found by improved EX
 
best length found by SXX
 
0  2156.769  2156.769  2156.769
 
5? 640.8796  640.8796  2031.738
 
10  636.3507  567.4242  1871.399
 
20  604.477  562.9991  1676.694
 
30  576.4049  561.0988  1512.557
 
40  566.0646  561.0988  1371.964
 
50  554.1085  561.0988  1285.224
 
60  549.5626  561.0988  1180.07
 
65  542.3314  561.0988  1152.198
 
68?? 542.3094  561.0988  1124.848
 
70  542.3094  561.0988  1100.916
 
80  542.3094  561.0988  1031.582
 
90  542.3094  561.0988  969.1414
 

























































Figure 7.To find an optimum generation to change crossover operators.
表2 最適な遺伝子交叉オペレータ交代世代番号
の探索
Table 2 To select an optimum generation for changing operators
 




computer execution time to find the best model
(seconds)
computer execution time to observe ten thousand tours
(seconds)
1  805.28  38  38
 
2  636.73  42  43
 
3  570.39  43  47
 
4  571.39  44  50
 
5? 542.31  33  48
 
6  558.12  31  71
 
7  557.44  25  63
 
8  553.47  27  55
 
9  560.55  18  55
 













































Table 3 Comparison of GAs with ACO from a viewpoint of a number of tours required to find best solutions.




ACO without SA  
CXO  ECXO  SXX
 
0  2259.99 2259.99 2156.77 2259.99 2156.77
 
5  549.28 569.22 640.88 549.28 2031.74
 
10  546.03 567.85 636.35 546.03 1871.40
 
20  546.03 560.19 604.48 546.03 1676.69
 
30  544.43 557.61 576.40 544.43 1512.56
 
39? 543.14 557.61 568.06 542.31 1374.96
 
50  542.61 556.80 554.11 542.31 1285.22
 
60  542.61 556.80 549.56 542.31 1180.07
 
64? 542.31 556.80 545.03 542.31 1152.20
 
68? 542.31 556.80 542.31 542.31 1124.85
 
80  542.31 556.80 542.31 542.31 1031.58
 
90  542.31 556.80 542.31 542.31 969.14
 





















































Figure 9.A computer execution time evalua-
tion of both of GAs with CXO and ACO.
表4 コンピュータ実行時間の評価






ACO without SA  
CXO  ECXO  SXX
 
0  2259.99 2259.99 2156.77 2259.99 2156.77
 
5  277.67 569.22 640.88 577.67 2031.74
 
33? 547.38 567.85 542.31 547.38 940.69
 
67  546.03 560.19 542.31 546.03 619.74
 
99  546.03 557.61 542.31 546.03 575.25
 
131  544.43 557.61 542.31 544.43 575.25
 
155? 543.14 557.61 542.31 542.31 575.25
 
181  543.14 557.61 542.31 542.31 575.25
 
211  543.14 556.80 542.31 542.31 575.25
 
240  542.61 556.80 542.31 542.31 575.25
 
273  542.59 556.80 542.31 542.31 575.25
 
292? 542.31 556.80 542.31 542.31 575.25
 



































Table 5 Detailed performance-evaluation of ACO
 








1  distance al＋pheromone  542.31  855  292
 






distance al  561.34  894  302
 
4  distance with 2-opt  558.37  872  293
 
5  distance with 3-opt  558.08  160  54
表6 拡張遺伝子オペレータ交代方式の有効性の評価（乱数種＝176の場合）
Table 6 A Validation of extended changing crossover operators(seed id＝176)
NO  methods  
best length found
 
required number of tours to find the best length
（×1000）




1 ECXO?(ACO with SA→SXX) 542.31  39  155  75
 
2 ACO with SA  542.31  64  292  75
 
3 CXO??(improvrd EX-＞SXX) 542.31  68  33  1.000
 
4 ACO without SA  556.8  47  211  75
 
5 improved EX  561.1  22  22  1.000
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